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Abstract. Aerial hyperspectral remote sensing imagery was collected on three dates over three plots 
of corn.  The imagery had a spatial resolution of 1 m and a spectral resolution of 3 nm between 471 
nm and 828 nm.  A machine vision corn plant population sensing system was also used to map 
every row of corn within the three plots, and a complete inventory of corn plants was generated as a 
rich ground reference dataset for remote sensing image analysis.  A multiple linear regression 
analysis was performed to estimate corn plant stand density using reflectance in combinations of 
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three wavebands, and R2s of up to 0.82 were found.  Estimates of corn plant stand density were best 
when using imagery collected at the later vegetative growth stage.  Quantization effects due to row 
width complicated corn plant stand density estimates at 2 m spatial resolution, and better estimations 
were typically seen at resolutions of 6 m and 10 m.  For the best-case scenarios, the first predictor 
variable in the regression model typically fell in the blue reflectance region (473 to 492 nm).  The 
second predictor variable was typically in the longer green and shorter red wavelengths (584 to 635 
nm), and reflectance for the third predictor variable was typically at the red edge (729 nm) or in the 
near-infrared region.  Because results for the second and third predictor variables tended to straddle 
between important regions of typical vegetative reflectance spectra, it is expected that multiple linear 
regressions using a greater number of bands would improve the distinction between important 
spectral ranges for estimating corn plant stand density. 
Keywords. Remote sensing, hyperspectral, machine vision, corn, population, stand density, spatial 
variability
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Introduction 
Corn plant population, or plant stand density, is an important crop growth parameter that 
influences corn (Zea mays L.) yield.  Duncan (1958) and Duncan (1984) determined that the 
weight of grain produced by individual corn plants decreases as the plant population increases, 
because at higher stand densities neighboring corn plants must compete more fiercely for 
resources.  On the other hand, once corn plant population decreases beyond the level at which 
population pressure limits yield, the average yield per plant cannot continue to increase, 
because plant genetics limit the weight of grain that a single plant can produce.  Thus, for a 
given set of environmental conditions, there exists an optimum corn plant stand density at which 
corn yield will be maximized. 
Spatial variability in corn plant population arises as a result of planter performance issues 
(Nielsen, 1995), emergence delays or failure (Nielsen, 1991), and early-season plant death due 
to stress.  For this reason, this crop growth parameter has been a topic of precision agriculture 
research.  In terms of management, variable-rate seeding has been marketed to producers as a 
means to optimize yield spatially across the field.  However, Bullock et al. (1998) cautions that 
this practice may not be economically beneficial for producers until more extensive information 
on the spatial relationship between plant population and crop yield is obtained for their fields.  
Other researchers have developed sensing technology for corn plant population and plant 
spacing variability measurement.  Birrell and Sudduth (1995) mapped corn population at harvest 
with a mechanical sensor mounted on a combine corn header.  Plant populations measured by 
the sensor were within 5% of plant population measured manually by hand.  Plattner and 
Hummel (1996) developed an optical sensor to map corn population at harvest, and the sensor 
was able to estimate average plant spacing with an error of 6.2%.  Using a machine vision 
approach, Shrestha and Steward (2003) developed a sensing system for measurement of corn 
plant population and plant spacing in early growth stage corn.  The sensing system utilized a 
video camera and a global positioning system (GPS) receiver to collect and locate image 
frames along corn rows, and video processing algorithms were developed for sequencing 
consecutive image frames, segmenting corn plants from soil background, and determining the 
geographic position of each corn plant in the row.  The system plant counts and manual plant 
counts were correlated with an r2 of 0.90.  Further developments in this work include a chain 
code methodology for delineating plant boundaries in sequenced video frames (Shrestha and 
Steward, 2005) and a statistical approach for improving the robustness of video processing 
algorithms over a wider range of field conditions (Shrestha et al., 2004a). 
In addition to ground-based systems, aerial and satellite imaging systems have been regularly 
used to monitor the status of crop growth, and researchers have related spectral reflectance 
information obtained from these systems to crop growth parameters such as emergence date 
(Wanjura et al., 2003), percent canopy cover (Maas, 1998; Thorp et al., 2004), biomass 
development (Thenkabail et al., 2000), leaf area index (Bouman, 1992), and yield (GopalaPillai 
and Tian, 1999).  However, there were no studies found in literature where remote sensing was 
used to detect spatial variability in corn plant stand density.  Our main objective was therefore to 
explore the use of aerial hyperspectral remote sensing technology as a means to estimate 
variability in corn plant stand density.  Secondary objectives were to identify the most useful 
spectral ranges and to determine the spatial and temporal limitations of using remote sensing 
for this purpose.  
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Materials and Methods  
Data Collection 
Data collection occurred over three sections of a cornfield at Iowa State University’s Agronomy 
and Agricultural Engineering Research Center west of Ames, Iowa, USA (93.77879°W, 
42.00988°N).  The three data collection regions are aptly named Plot North (PN), Plot South 
(PS), and Plot West (PW) and are arranged as shown in Figure 1.  Each plot was approximately 
1 ha in land area (Table 1).  On June 4, 2004, corn was planted in 76.2 cm (30 in.) rows in PN 
and PS.  The planting of PN and PS was coordinated as part of another research project 
investigating the effects of planter speed, planter row unit design, and compaction on corn 
population and yield.  These various treatments in addition to manual thinning introduced spatial 
variability in corn plant population over a relatively small area.  A conventional planting 
methodology was used to sow PW on June 13, 2004 (Table 1). 
 
Figure 1.  Data collection occurred over three sections of a cornfield in Iowa.  Plots were 
arranged as shown on this 1 m spatial resolution image collected July 25, 2004. 
Aerial hyperspectral remote sensing imagery was collected over the study area using the 
hyperspectral focal plane scanner and data acquisition system developed by scientists at the 
Institute for Technology Development at Stennis Space Center in Mississippi (Mao, 2000).  The 
scanner collected data between 471 nm and 828 nm at a 3 nm bandwidth for a total of 120 
bands of spectral information.  The spatial resolution of the imagery was 1 m.  Remote sensing 
data was collected over the entire study area on three dates in the summer of 2004: June 22, 
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July 25, and September 3.  These dates corresponded to corn growth stages V5, V15, and R4 
for PN and PS and V3, V12, and R2 for PW (Table 2).  Prior to remote sensing data collection, 
calibration tarps showing eight grayscale levels from white to black were laid out in an area near 
the study site.  A spectroradiometer (1500, GER Corporation, Millbrook, NY, USA) was used to 
measure the spectral reflectance from each panel between 286 nm and 1102 nm at a bandwidth 
of approximately 1.5 m.  Pilots then captured hyperspectral remote sensing imagery over both 
the study area and over the calibration tarps. 
Table 1.  Summary of important characteristics for the three data collection regions. 
 Plot North Plot South Plot West 
Land Area 0.9 ha 1.1 ha 1.0 ha 
Tillage Conventional No-Till Conventional 
Planting Date June 4, 2004 June 4, 2004 June 13, 2004 
Planned Population 
Variability Yes Yes No 
Ground Reference 
Data Collection June 23, 2004 June 23, 2004 June 30, 2004 
Remote Sensing Date 1 June 22, 2004 June 22, 2004 June 22, 2004 
Remote Sensing Date 2 July 25, 2004 July 25, 2004 July 25, 2004 
Remote Sensing Date 3 September 3, 2004 September 3, 2004 September 3, 2004
Number of cells at 2 m 2,576 2,599 2,159 
Number of cells at 6 m 259 259 210 
Number of cells at 10 m 88 88 75 
Ground reference data was collected using the machine vision-based corn plant population 
sensing system developed by Shrestha and Steward (2003).  System components were 
mounted on a 4x4 Kawasaki all-terrain vehicle (ATV) for data collection in the field (Figure 2).  A 
digital camcorder (DCR-TRV900, Sony Corporation, New York, NY, USA) was used for video 
acquisition of crop rows, and a special mount was designed to hold the camera at the front 
center of the vehicle.  The camera was mounted at a height of 0.53 m above the ground, and 
this provided a 0.4 m by 0.3 m field of view.  Video of crop rows was recorded onto miniDV 
tapes.  A global positioning system (GPS) receiver (GG24-RTK, Thales Navigation, Santa 
Clara, CA, USA) was used to obtain the geographic coordinates of the ATV in the field.  A GPS 
encoder/decoder (VMS 200, Red Hen Systems, Inc., Fort Collins, CO, USA) was used to 
convert GPS strings to an audio signal to be recorded on the soundtrack of the miniDV tapes. 
Table 2.  Days after planting and corn growth stage on each image collection date. 
Image 
Date Plot North Plot South Plot West 
 Days After Planting 
Growth 
Stage 
Days After 
Planting 
Growth 
Stage 
Days After 
Planting 
Growth 
Stage 
6/23/04 19 V5 19 V5 10 V3 
7/25/04 51 V15 51 V15 42 V12 
9/3/04 91 R4 91 R4 82 R2 
On the days of ground reference data collection at the study site, a second GPS receiver 
(GG24-RTK, Thales Navigation, Santa Clara, CA, USA) was placed at the location of a 
benchmark on the research farm.  This receiver was used as a base station to improve the 
accuracy of position measurements at the rover receiver on the ATV.  The two GPS receivers 
communicated with each other via a radio link (RFM-96W, Pacific Crest Corporation, Santa 
Clara, CA, USA).  The video camera was then set to collect video in progressive scan mode 
with a shutter speed of 1/1000 s.  The camera’s white balance was also adjusted to insure a 
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more natural video color.  All other camera controls were used at their default settings.  Ground 
reference data was collected in PN and PS on June 23, 2004 and PW on June 30, 2004 (Table 
1).  The system was used to collect information over every crop row contained within the area of 
the three plots.  Video frames collected were 480 by 720 pixels in size with 24-bit color 
resolution, and GPS information was recorded on the soundtrack at a frequency of 5 Hz.  The 
ATV was operated at an average speed of 1 m s-1. 
 
Figure 2.  The ground-based corn plant population sensing system 
Ground-Reference Data Processing 
Following the initial development of their machine vision system, Shrestha and Steward (2003) 
packaged their algorithms for system operation and video processing into a C++ application 
named ESCOPE.  Characteristics of the software include two operation modes, including “real-
time mode” for automatic collection of corn plant population and spacing information in the field 
and “laboratory mode” for analysis of pre-recorded videotapes in the laboratory.  The ESCOPE 
software also provides three options for image segmentation, including a new algorithm that 
significantly reduces the processing time required for this task (Shrestha et al., 2004b).  In 
addition, a manual plant count adjustment algorithm and graphic user interface was developed 
such that a user could visually inspect and make corrections to the automatic plant counting 
algorithm results on the computer screen. Due to the difficulties in automatically delineating 
plants at higher growth stages, such corrections were most needed when attempting to count 
larger plants.  To generate a ground-reference dataset of corn plant population for this work, the 
ESCOPE software first was used in laboratory mode to segment the video frames that were 
recorded during the data collection effort.  To save time, the fast image segmentation algorithm 
(Shrestha et al., 2004b) was used as a first choice.  However, when poor field conditions or 
video quality warranted a more robust algorithm, the slower algorithm presented in Shrestha 
and Steward (2003) was used.  Plant identification and counting was then performed on all the 
sequenced images of crop rows using an image segmentation algorithm (Shrestha and 
Steward, 2003) combined with a chain code approach (Shrestha and Steward, 2005).  However, 
because crop rows were mainly recorded at higher growth stages in this work, manual 
adjustments were made in a majority of the sequenced images to insure the accuracy of plant 
locations.  After these adjustments, ESCOPE produced a text file containing the geographic 
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coordinates of all marked plants in the sequenced images.  Because video was recorded and 
analyzed on every crop row, the ground-based system was used to generate a complete 
inventory of all corn plant locations within our study area.  The generation of this dataset was 
quite costly in terms of manual effort; however, it enabled a unique investigation into the use of 
remote sensing imagery as an alternative way to estimate population spatially across cornfields. 
Hyperspectral Data Processing 
The hyperspectral imagery was prepared for analysis using both spatial and spectral 
preprocessing.  First, since raw image spatial distortions can be produced by changes in aircraft 
attitude during the scanner-based image collection process, a correction procedure, developed 
by Yao et al. (2001), was implemented to remove as much spatial distortion in the raw 
hyperspectral imagery as possible.  Next, the images were georeferenced to the Universal 
Transverse Mercator (UTM) coordinate system using a field boundary map that was obtained 
with a meter-level accuracy backpack GPS unit (Pathfinder Pro XRS, Trimble Navigation 
Limited, Sunnyvale, CA, USA).  For spectral correction, a minimum noise fraction (MNF) 
transformation (Green et al., 1988) was used to remove sensor noise in the raw reflectance 
data.  Then, by matching the digital numbers of the calibration tarps in each image to the 
reflectance measurements taken of the tarps on the ground, the imagery was calibrated to 
percent reflectance with an empirical line calibration procedure (Smith and Milton, 1999).  These 
pre-processing steps were performed separately for each of the three remote sensing image 
collection dates using ENVI (Version 4.2, Research Systems, Inc., Boulder, CO, USA). 
Statistical Analysis 
In preparation for statistical analysis, ground reference data and spectral reflectance data were 
aggregated at three separate spatial resolutions.  Since all the remote sensing images were 
originally collected at 1 m spatial resolution, the reflectance measurements in each waveband 
were averaged over square blocks of 4, 36, and 100 raster units to decrease the spatial 
resolution of the imagery arbitrarily to 2 m, 6 m, and 10 m, respectively.  The total number of 
grid cells for PN, PS, and PW resulting from this aggregation process are given in Table 1.  
Using ArcGIS (Version 9, ESRI, Redlands, CA, USA), the raster grids for images on each date 
and at each spatial resolution were then used to clip the ground reference corn population 
measurements over each of the three plots.  The total number of plants within each raster grid 
cell area was then determined, and the plant counts were normalized by the grid cell area to 
generate raster maps of corn plant stand density.  Since corn population was measured on the 
ground only once during the season, we assumed that the plant stand was well established at 
the time of the ground-based measurements and that the corn population did not change 
significantly throughout the remainder of the growing season. 
Multiple linear regression analysis (Neter et al., 1996) was used to relate reflectance 
measurements to plant density across the plots.  A Visual Basic program was written to 
compute the slopes and coefficient of multiple determination, R2, for linear regressions of all 1-, 
2-, and 3-band combinations of reflectance and plant stand density.  The highest values for R2 
were achieved when using three reflectance bands to predict corn plant stand density.  Thus, 
the linear statistical model of greatest value in this work can be written as 
iiiii XXXY εββββ ++++= 3322110 ,                                             (1) 
where Yi is the response variable, corn plant density, in the ith grid cell, and Xi1, Xi2, and Xi3 are 
the average reflectance in three wavebands over the area of the ith grid cell.  The parameters of 
the model are β0, β1, β2, and β3.  The error term is εi.  Since a total of 120 bands were available, 
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the total number of 3-band combinations was 120*119*118/(3*2*1) = 280,840.  After 
computation was complete, the band combinations tested for each case of plot, spatial 
resolution, and image collection date were placed in order according to the R2 value.  An 
evaluation was then conducted to determine the spatial resolution, spectral wavelengths, and 
temporal considerations necessary for estimating corn plant stand density using remote sensing 
imagery.  For spatial and temporal evaluations, conclusions were drawn based on the 
performance of the top regression model for each case.  To insure that the cases with poorer 
results did not influence the succeeding spectral evaluation, investigations into the important 
spectral bands for estimating corn plant stand density were performed only on the cases that 
provided a top R2 of greater than 0.70.  For these top performing cases, the results for the top 
100 3-band regression models were separated from the rest, and a count was made of the 
number of times that a particular waveband was used as the first, second, or third predictor 
variable in these models.  Histograms of these counts provided information on the wavebands 
most highly correlated with corn plant stand density in the multiple linear regression analysis.  
Results and Discussion 
For all cases of plot, spatial resolution, and image collection date, the greatest values for R2 
were found when using linear combinations of three reflectance bands (Table 3).  The 
relationship between reflectance spectra and plant stand density at 2 m spatial resolution 
generally provided relatively low R2s ranging from 0.02 to 0.42.  The reason for this result can 
be explained in terms of the crop row width.  In this study, crop rows were planted at a width of 
0.76 m (30 in).  Thus, depending on the location of the 2 m spatial resolution raster grid relative 
to the crop rows, some raster cells would contain three crop rows while adjacent cells would 
contain only two crop rows.  If a raster cell contained three crop rows, the plant count for the cell 
would be significantly higher than for the cells containing only two crop rows.  Given the low R2s 
at 2 m spatial resolution, it is evident that this crop row quantization effect was unable to be 
detected within the remote sensing imagery.  These results make sense, since light interaction 
within a plant canopy is not restricted to the bounds of a raster grid whereas plant population 
can be discretely measured within that grid.  At 6 m and 10 m spatial resolution, the presence of 
a greater number of rows within the raster grid cells reduced the effect of row quantization on 
plant counts within the raster grid, and R2s were higher for these lower spatial resolution cases.   
Table 3.  The highest R2 obtained in a multiple linear regression of 3 bands of reflectance and 
plant stand density for each case of plot, spatial resolution, and image collection date. 
R2 at each 
Spatial ResolutionPlot Date 
2 m 6 m 10 m
6/22/04 0.31 0.57 0.58 
7/25/04 0.39 0.79 0.75 North
9/3/04 0.32 0.68 0.56 
6/22/04 0.12 0.31 0.50 
7/25/04 0.42 0.79 0.82 South
9/3/04 0.40 0.78 0.74 
6/22/04 0.02 0.29 0.45 
7/25/04 0.15 0.43 0.53 West 
9/3/04 0.15 0.57 0.66 
When comparing the R2s across the three image collection dates, results were highest for the 
July 25 image for PN and PS.  For both of these plots, an R2 of 0.79 was achieved when relating 
reflectance spectra from July 25 to corn plant stand density at the 6 m spatial resolution.  Also, 
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the highest R2 in the entire study, 0.82, was achieved when relating reflectance spectra from 
July 25 to corn plant stand density in PS at the 10 m spatial resolution.  For PW, the September 
3 image gave the best results; however, the highest R2 for this plot was only 0.66 at the 10 m 
spatial resolution.  On the June 23 image collection date, corn plants were still in their early 
vegetative growth stages (Table 2), and canopy closure had not yet occurred.  At early growth 
stages, the effects of soil background on reflectance spectra have been known to hamper the 
analysis of remote sensing imagery for vegetation (Thorp et al., 2004).  Similarly in this study, 
results indicated that the use of remote sensing imagery to estimate the vegetative growth 
parameter of plant stand density was less reliable at earlier growth stages before the canopy 
had closed.  One would also expect to see a decline in the ability to use reflectance spectra to 
estimate corn plant stand density at the end of the growing season as the plants reach 
physiological maturity and lose vegetative vigor.  Our results for PN and PS confirm this, since 
the R2s for the September 3 image were lower than that for the July 25 image.  Plants in PN and 
PS were at the V15 and R4 growth stages on July 25 and September 3, respectively (Table 2).  
Plant population in PW was most correlated to reflectance on September 3 when plants were at 
the R2 growth stage.  Thus, reflectance spectra in remote sensing images was best used to 
estimate the vegetative growth parameter of plant stand density when plants were at the upper 
vegetative or lower reproductive growth stages. 
Another interesting result was found when comparing the R2s for PN and PS on each image 
collection date across all spatial resolutions.  For the June 23 image collection date, the R2s at 
each spatial resolution were always higher for PN.  Prior to planting, PN was tilled using a 
conventional tillage method while PS was managed using no-till practices (Table 1).  As a result, 
it is expected that the higher proportion of residue covering the surface of PS increased the soil 
brightness in that plot.  Since increasing soil brightness has been shown to cause reduced 
correlations of reflectance spectra to vegetative growth parameters at early growth stages 
(Thorp et al., 2004), the residue cover in PS probably increased the difficulty in detecting corn 
plant stand density variability on the June 23 date relative to PN.  However, on the July 25 and 
September 3 dates, multiple linear regression gave higher R2s for PS than PN across all spatial 
resolutions.  Also, the R2s for PW were lower than that of PN and PS for all cases of image date 
and spatial resolution.  It is expected that the total corn population variability across each plot 
determined the relative performance of estimating population from reflectance in the plot.  The 
standard deviations for corn plant density, aggregated at the 6 m spatial resolution, were 0.91, 
1.20, and 0.53 plants m-2 for PN, PS, and PW, respectively.  In addition, a histogram of the data 
shows that plant density ranged from 2 to 9 plants m-2 for PN and PS, but it only ranged from 6 
to 9 plants m-2 for PW (Figure 3).  Thus, the R2s for relating reflectance spectra to corn plant 
stand density were higher as the total variability of corn plant stand density across the plot 
increased.  This result shows that the artificial introduction of plant stand variability in PN and 
PS increased the potential for using remote sensing images to detect that variability, simply 
because there was more variability to detect. 
Investigations into the important spectral bands for estimating corn plant stand density were 
performed only on the cases that provided a top R2 of greater than 0.70.  For PN, these cases 
included July 25 at the 6 m and 10 m spatial resolutions (Table 3).  Similarly for PS, the cases 
meeting this criterion included both the July 25 and September 3 dates at both the 6 m and 10 
m spatial resolutions.  For PW, no cases had a top R2 greater than 0.70.  Selecting the 
waveband combinations used in the top 100 regression models for these six highest performing 
cases meant that the total number of combinations used in the spectral analysis was 600.  
Creating histograms of the number of times that the reflectance in a particular waveband was 
used as a predictor variable in Equation 1 provided insight on the wavelengths of greatest 
interest when using reflectance data to estimate corn plant population in a 3-band multiple linear 
regression procedure (Figure 4). 
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Figure 3.  Histograms of plant stand density in each plot aggregated at 6 m spatial resolution. 
For the first predictor variable in the regression model, X1, the mean of the wavelengths of 
interest was 482.2 nm with a standard deviation of 9.4 nm.  Thus, 68% of the time, the 
reflectance values most useful for the first predictor variable in the regression model fell within 
the range of 473 nm and 492 nm, which corresponds to blue light in the electromagnetic 
spectrum.  According to the results of Thenkabail et al. (2000), this range of wavelengths 
represents the minimum crop-to-soil reflectance ratio within the blue and green portions of the 
spectrum.  Due to the high absorption of blue light by chlorophyll and the relatively high 
reflectance of blue light from soil, reflectance variability within this range of wavelengths relates 
to variability in vegetative growth.  Reflectance information within this range of wavelengths was 
also found useful for computing narrow-band vegetation indices and relating index values to 
percent canopy cover in soybeans (Glycine max (L.) Merr.) (Thorp et al., 2004).  It is also 
interesting to note that this range of wavelengths approached the spectral limits of the remote 
sensing system, and the reported wavelength range may have been less narrow in the case that 
spectral data was available at wavelengths shorter than 471 nm.   
For the second predictor variable in the regression model, X2, the mean of the wavelengths of 
interest was 609.5 nm with a standard deviation of 25.8 nm.  Thus, 68% of the time, the 
reflectance values most useful for the second predictor variable in the regression model fell 
within the range of 584 nm and 635 nm.  This range of wavelengths straddles the upper green 
and lower red portions of the electromagnetic spectrum.  Thenkabail et al. (2000) found this 
portion of the spectrum to be important for agricultural crop studies, because the first derivative 
of reflectance spectra for crops reaches a minimum within this range.  Also, similar to the blue 
region of the spectrum, the red portion of the spectrum is useful for detecting variability in 
vegetative growth due to the high absorbance of red light by chlorophyll in leaves.  Thorp et al. 
(2004) also found that reflectance data within the range of this distribution for predictor variable, 
X2, was important for development of narrow-band vegetation indices.  
For the third predictor variable in the regression model, X3, the mean of the wavelengths of 
interest was 749.0 nm with a standard deviation of 34.6 nm.  The wavelength range within one 
standard deviation of the mean was not calculated due to the severe non-normality of this 
histogram.  The most striking feature for the X3 histogram is the spike at the wavelength of 729 
nm.  This wavelength must correspond to the location of the red edge (Horler et al., 1983), 
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which is the transition point between absorption of visible red and reflection of near-infrared in 
plant leaves.  At this point, the change in slope of reflectance spectra per unit change in 
wavelength reaches a maximum.  Other wavelengths of interest occur mainly within the near-
infrared portion of spectrum, and the unique response of vegetation to incident light in these 
wavelengths has been demonstrated in countless remote sensing investigations.  Due to the 
internal cellular structure of plant leaves, very little near-infrared radiation is absorbed by a crop 
canopy, and up to 50% of incident near-infrared light can be reflected back toward the sensor 
(Knipling, 1970).  The usefulness of reflectance spectra in the near-infrared region and at the 
red edge for detection of vegetation is well known and was an expected result.  
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Figure 4.  Histograms for the number of the times that the reflectance in a particular waveband 
was used as a predictor variable (X1, X2, or X3) in Equation 1 for the top performing cases. 
Conclusions 
Remote sensing technology was shown to be effective at estimating corn plant stand density at 
mid-season.  This work fills a research gap in the arena of corn population sensing, which to 
date has only been developed for counting plants during the early stages of corn growth 
(Shrestha and Steward, 2003) and while harvesting (Birrell and Sudduth, 1995).  Effective use 
of remote sensing imagery for estimating population was shown to depend heavily on timing.  
Therefore, plans for data reconnaissance must be well executed to acquire imagery when corn 
plants are reaching the later vegetative growth stages.  If image collection dates are too early, 
results may be hampered by the strong influence of soil background on reflectance spectra.  If 
remote sensing images are collected too late in the growing season, the onset of senescence 
prevents the use of reflectance spectra for estimating plant population. 
The characteristics of the ground reference dataset in this work demonstrate the usefulness of 
ground-based crop sensing systems for testing the effectiveness of remote sensing technology.  
Since the entire area of each plot was mapped for corn plant geographic locations, no 
assumptions were made regarding corn population in unmeasured locations and there was no 
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extrapolation of population measurements to larger areas based on strategic sampling.  This 
was possible due to the existence of the ground-based corn population sensing system 
developed by Shrestha and Steward (2003).  Future research in agricultural remote sensing will 
benefit from the development of ground-based sensing systems that can relatively quickly 
generate maps of important crop growth and soil parameters across the field.  By first acquiring 
a detailed map of these parameters on the ground, a truer assessment of the limitations of 
remote sensing can be obtained as camera systems are incorporated on aerial and satellite 
platforms farther away from the scene.  Then, it is possible to determine whether remote 
sensing offers any advantages over ground-based data collection and whether remote sensing 
images can be used to accurately estimate the true variability of crop parameters on the ground.  
For example, this study showed that remote sensing offers an advantage over ground-based 
data collection at mid-season; however, corn plant stand density could not be estimated at 
higher spatial resolutions due the effects of row quantization within an image’s raster grid. 
Histograms resulting from an evaluation of important spectral wavebands indicated that the 
range of wavelengths useful for the second and third predictor variable tended to span more 
than one type of electromagnetic radiation.  For example, in the histogram for the third predictor 
variable, results were good when selecting the third waveband from either the red edge location 
or the near-infrared region; however, these locations in vegetative spectra are quite distinct from 
each other.  Such results indicate the potential for improving estimates of corn plant population 
if multiple linear regressions were performed using combinations of a greater number of bands.  
Unfortunately, computing technology currently makes testing higher numbers of band 
combinations more highly impractical, because a great amount of time is required to make the 
necessary calculations.  Exploration of alternative analysis techniques, such as genetic 
algorithms, may help overcome this current limitation in processing of hyperspectral data. 
Use of remote sensing imagery to detect population variability in production cornfields will 
depend on the level of variability that exists over the area of interest.  In this study, remote 
sensing was effective at estimating corn plant stand density for plots having artificial variability 
incorporated as part of the experimental design.  However, results for the plot that was planted 
using the conventional methodology were less favorable.  Since most producers aim for uniform 
plant populations in their cornfields, further investigations are needed into the level of population 
variability that can exist in production cornfields before remote sensing is used to estimate this 
variability.  Ground-based sensing systems such as those developed by Shrestha and Steward 
(2003) and Birrell and Sudduth (1995) offer much potential for completing this objective.  
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